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Abstract 
In the last few decades, Germany, similar to other developed countries, has been witnessing 
a sharp decline of the jobs that used to constitute the middle-class of the 1970s and the 
1980s. This decline has been associated with the level to which jobs are codifiable. This is 
because, some argue, codifiable tasks are more prone to technological substitution and 
outsourcing than tacit tasks. This article empirically investigates two crucial aspects of the 
decline of codified jobs. First, it studies what happened to the workers in codified 
occupations in terms of unemployment, occupational change, and wages. Second, it revisits 
the hypothesis that code-based technologies are the major driver of this labour market shift. 
We find that job codification is associated with higher unemployment and higher 
occupational change. It is also associated with wage losses for the workers who left 
routinized jobs. We find however little evidence that code-based technologies were the 
driving factor behind these dynamics.  
KEYWORDS: occupations, automation, job tasks, occupational change, unemployment, wages 
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1.  Introduction 
A job polarization is a phenomenon where the employment decreases for the middle-paid or 
middle-educated jobs, resulting in higher country-wide income inequality. It is well 
documented that this phenomenon has been present in several developed countries since 
the 1980s (Autor, Katz, and Kearney 2006 and 2008; Goos and Manning 2007; Spitz-Oener 
2006; Dustmann, Ludsteck and Schönberg 2009; Goos, Manning, and Salomons 2009, Autor 
and Dorn 2011). The job polarization has been mainly associated with the spread of 
computers at the workplace and to some extent to the international outsourcing of 
production and services (Autor, Levy, and Murnane 2003; Goos, Manning, and Salomons 
2009; Acemoglu 1999; Blinder 2009, Leamer and Storper 2001). It has been argued that 
computers substitute for routine tasks or tasks that can be executed by machines following 
the explicit algorithms of programme codes (Autor, Levy, and Murnane 2003). These routine 
(explicit or codified) tasks are mainly found among the middle-paid jobs in developed 
economies. Although the literature is now rich with evidence that computers changed the 
skill and wage structure of the developed economies, there are some relevant issues that are 
either not fully convincing or even remain wholly unanswered. 
First, only few have investigated what happened to the adversely affected workers in 
codified jobs in terms of career moves, wage changes, and unemployment. This means that 
we do not know yet how costly the occupational restructuring of the 1980s and the 1990s 
was. To fill this gap, this article evidences the incidence of occupational change, 
unemployment, and wage changes of the workers in occupations dominated by routinized 
tasks. Second, the empirical literature neglects the fact that personal computers are just one 
workplace technology in the family of code-based technologies. This means that most 
previous studies assume uniform effects of different code-based technologies on labour, and 
no effects of other technologies on labour. In this article, we put these hypotheses to the 
test. 
Our data come from two German databases. The Qualification and Career Survey (1979, 
1985/1986, 1991/1992, 1998/1999, and 2005/2006) is an extensive individual-level survey of 
job tasks, skills, knowledge, and technologies. Using this data, we can measure the degree to 
which an occupation is associated with manual explicit, codifiable or routine tasks, as well as 
with creative tasks. The second database, the IAB Employment Samples 1975-2004 contains 
data from the administrative records of the German Social Security service. This dataset 
covers the individual-level employment and unemployment history of 2% Germans who are 
subject to social security. Our analysis focuses on Western Germany over the period 1975-
2004. 
We find that the workers from the downsizing routinized occupations were mainly absorbed 
by other occupations and that they mainly switched to jobs that were worse-paid than the 
routinized ones. Compared to least routinized jobs, most routinized ones suffered 33% real 
wage losses when switching an occupation. Higher routinization levels were also associated 
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with higher unemployment risk which is particularly large in the 1990s. Nevertheless, our 
evidence suggests that only a small share of the created unemployment was technological 
unemployment, at least in the case of manufacturing. Contrary to the common convictions, 
we find that very little of the upward trend in creative job tasks and the downward trend in 
routine manual job tasks can be attributed to the adoption of code-based technologies at 
the workplace. Technologies interact with labour in more complex ways than usually 
claimed. While computers modestly substitute for explicit tasks, computerized numerical 
control, and half-automated devices weakly complement such tasks. These results call for 
more research into the nature of technologies and their interaction with labour.  
2.  Theory  
2.1. Codified vs. tacit knowledge and the knowledge codification in the 20
th century 
Over time and under certain conditions the new and initially tacit knowledge can become 
codified. This means that over time the knowledge remains less idiosyncratic to the 
discoverer as it is being “transformed into a systemic form that can be communicated at low 
cost” (Cowan and Foray 1997, p. 595). Cowan and Foray (1997) further explain that in some 
cases the pattern underlying the knowledge becomes well understood such that it can be 
written down. In other cases a procedure can be decomposed into components which are 
sufficiently simple to be described verbally or become embodied in a machine.  
The manufacturing of the 20th century was marked by the scientific management initiated 
by Frederick Winslow Taylor at the end of the 19
th and the beginning of the 20
th century. 
One major goal of the scientific management was to maximize labour productivity. One 
approach in achieving this was to carefully study work processes in terms of time and motion 
in order to find the best practice and apply it uniformly among workers. Motion studies 
aimed at understanding the most efficient constellation of physical movements when 
performing certain tasks. Once the physical process is well understood, a time study can 
identify the normal time it takes to complete the process. As the methods of motion and 
time break down the work processes to their most elementary tasks and standardize these 
through output and time norms, they limit the cognitive scope for interpretation of work. 
This is why we claim that the tasks which can be written down in step-by-step procedures 
and which can become a subject to time and output norms are the best-developed form of 
codified knowledge (see also Coriat and Dosi (1998, p. 115) and Balconi (2002, p. 358) for a 
similar argumentation).The methods of scientific management in many different forms 
proliferated in the developed economics very fast, contributing to a large-scale codification 
of work (Head 2005). 
2.2. Factors behind the elimination of codified work 
In the labour economic literature it has been argued that codified or routinized knowledge is 
prone to computer substitution (Autor, Levy and Murnane 2003) and international 
outsourcing or offshoring (Blinder 2009, Grossman and Rossi-Hansberg 2008). It has been 
argued that the middle class of developed countries was sharply downsized through the 
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technological substitution of codified work in the 1990s (Goos and Manning 2007, Goos, 
Manning and Salomons 2009). The work Autor, Levy, and Murnane (2003) propose 
microfoundations for the relationship between the type of tasks performed at the job and 
the use of computers. They analyze the types of tasks that computers can easily process and 
those which they cannot. They propose that: “...[computers] rapidly and accurately perform 
repetitive tasks that are deterministically specified by stored instructions (programs) that 
designate unambiguously what actions the machine will perform at each contingency to 
achieve the desired result.” (p. 1282). Such tasks are referred as routine tasks. “…a task is 
“routine” if it can be accomplished by machines following explicit programmed 
rules...Because these tasks require methodical repetition of an unwavering procedure, they 
can be exhaustively specified with programmed instructions and performed by machines” (p. 
1283). The notion of routine tasks borrowed from computer science comes very close to 
what we call explicit or codified tasks. Codified tasks in our understanding are often 
repetitive, but repetition in not in the core of their nature. They can have different levels of 
complexity like sewing a shirt or solving a maximum likelihood model. What is important is 
that they can be thoroughly explained in step-by-step procedures. 
Second important economic implication of codification is that it created conditions for 
geographical mobility of production, international outsourcing and offshoring. Highly explicit 
knowledge can be conveyed to foreign labour more easily than tacit knowledge. This is 
because codified tasks have smaller scope of thought stemming from cultural, educational, 
and institutional backgrounds.
1 In this sense the cognitive mismatch between the instructor 
and the trainee is comparatively low. The extreme detail in instruction further guarantees a 
high degree of compliance with the production instructions. Codified work processes also 
have predefined outcomes. This makes the verification of their proper implementation 
relatively easy. This is not the case with non-standardized work processes whose 
performance requires creativity, experimentation, and exploration.
2  
2.3. What happened to the workers from routinized occupations? 
Both, international outsourcing and the adoption of code-based technologies should 
adversely affect the jobs specialized in explicit tasks in developed economies. Previous 
studies on the job polarization found that this is indeed the case. What earlier research has 
left unanswered is what happened to the workers from routinized jobs? To the best of our 
                                                           
1 Compare for instance an example of machining metal on a lathe with a task where a decision to fire 
an employee has to be made. While in the first case there is hardly any space for culture-dependent 
deviation in carrying out the task, a decision to fire an employee will be highly culture-dependent. 
The  decision  will  not  only  be  based  on  employee’s  performance  capabilities,  but  will  often 
incorporate the decision-makers’ idea of what is acceptable work behaviour, obedience level, and 
not that uncommon, racial, ethnical, family, and economic background of the parties. See also March 
and Simon (1993) for a discussion on codified tasks. 
2 The expected output of a lathe worker will, for instance, have the following description: 100 pieces 
of C10100 hollow round forms with outer diameter of 25 mm, inner diameter of 13 mm, and 7 mm 
thick. 
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knowledge, the only paper that addresses the adaptation process of workers from routinized 
occupations is the work by Autor and Dorn (2009). Autor and Dorn (2009) find that workers 
from routine jobs mainly switched to low-paid non-routine jobs and that this mainly 
happened through occupational switching among the younger and less-than-college 
educated workers. Autor and Dorn (2009), however, do not inform us about the 
unemployment dynamics of these workers. Also, in their study occupational changes are 
only indirectly observed. Moreover, since their study is conducted for the USA, we cannot 
generalize the findings to other developed countries. We therefore pose a number of novel 
questions about the job transition dynamics of the workers in codified jobs. Did these 
workers disproportionally contribute to the steeply rising unemployment levels in Germany 
in the 1980s and the 1990s? Did other growing occupations absorb these workers? Did these 
workers have longer unemployment durations than other unemployed? How costly was the 
occupational change of those who managed to stay on the labour market?  
We expect that the level of task codification increased both, the risk of becoming 
unemployed and the risk of occupational change. The first expectation is straightforward. 
Either through outsourcing or through automation, codified knowledge in developed 
economies becomes obsolete. Although in each job, part of the work content is codified, if 
the share of such work is modest, technologies or outsourcing cannot jeopardize the security 
of a job. Therefore, workers in jobs that are rather specialized in codified tasks will be at 
highest risk of becoming unemployed. Hence, our first hypothesis: 
H1: The higher the codification level of the job, the higher the risk of unemployment. 
Occupational change seldom happens without restructuring of individuals’ human capital. In 
this sense occupational change is costly because it implies learning of new tasks and because 
it renders previous knowledge redundant (Nedelkoska and Neffke 2010; Poletaev and 
Robinson 2008; Kambourov and Manovskii 2009). Therefore, our expectations about the 
relationship between task codification and occupational change are similar to those between 
codification and unemployment. 
H2: The higher codification level of the job, the higher the risk of occupational change. 
Although occupational change is costly, it often happens because of promotions or other 
match-improving reasons. In the case of routinized jobs, however, we expect this not to be 
the main pattern. Routinized jobs are specialized in human capital that becomes obsolete at 
the level of the economy. This means that over time there will be fewer skill-related jobs in 
the economy for these workers. Second, the growing jobs are of quite different character 
then the declining ones. While old jobs are often manual and concentrated in 
manufacturing, the new jobs are interactive, require creativity and are cognitively 
challenging (Goos and Manning 2007). Recent research shows that occupational change is 
beneficial in terms of earnings when the job switchers stay within skill-related occupations 
(Gathmann and Schönberg 2010, Poletaev and Robinson 2008). The workers from routinized 
occupations, however, are forced to move to more distant occupations in terms of human 
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capital. Such distant movements should be associated with losses of earnings. Hence, our 
third hypothesis: 
H3: The higher the codification level of the job, the higher the wage loss when switching to 
another occupation. 
2.4. Code-based technologies and task codification 
Earlier in this section we laid out the two most often encountered factors of the decline of 
routinized jobs: computers and international outsourcing. In particular the first factor has 
deserved immense attention in the economic and sociological literature (for a review see 
Autor, Katz, and Krueger 1998). It is unfortunate however that most studies on the impact of 
technology on labour focus on computers, where computers are defined as desktop 
terminal, personal computer, or a monitor (see the definitions of computer in Spitz-Oener 
2006 and Autor, Levy, and Murnane 2003
3). Computers are after all only one technology in a 
family of code-based technologies that proliferated in the developed economies starting in 
the 1970s. Other algorithm-based technologies such as computerized numerical control 
(CNC), industrial robots, half-automated devices, and different electronic devices have been 
out of the radar of economic researchers. Instead of taking for granted that all code-based 
technologies behave similarly with respect to codified tasks, we test for this. As widely 
argued, we expect that the computer adoption is negatively correlated with the spread of 
codified knowledge. We expect, however, that if the algorithms are the core reason for the 
decline of explicit tasks, this relation also holds for other code-based technologies. 
H4: The change in the level of explicit manual tasks is negatively related to the adoption of 
personal computers. 
H5: The change in the level of explicit manual tasks is negatively related to the adoption of 
computerized numerical control (CNC). 
H6: The change in the level of explicit manual tasks is negatively related to the adoption of 
half-automated devices. 
3. Data 
3.1. Qualification and Career Survey 
The Qualification and Career Survey (QCS) is a repeated cross section conducted at 6 to 7-
year intervals, which started for the first time in 1979
4 and was repeated in 1985/1986, 
1991/1992, 1998/1999 and 2005/2006. Its purpose, among others, is to track skill and task 
requirements of occupations. It is a random sample of the German population. Up to 30,000 
                                                           
3 Spitz-Oener (2006) only uses the computer variable of the QCS. Autor, Levy and Murnane (2003) use a 
variable that defines a computer as “a desktop terminal or PC with keyboard and monitor and does not include 
an electronic cash register or a handheld data device”, (p. 1329). 
4 The Qualification and Career Survey is administrated by the Federal Institute for 
Vocational Education and Training (BIBB) and the Institute for Employment Research (IAB). 
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individuals are interviewed in each wave. The first two waves only include individuals from 
West Germany, while the last three waves also include individuals from East Germany. The 
individuals cannot be tracked over the years, but since the same occupational classification 
(KldB 88) is used in all waves, the survey can be aggregated to a panel of occupations. The 
survey is a rich source of information about the types of tasks employees perform at their 
jobs. Unfortunately, it repeatedly changed its structure, and many relevant questions are not 
consistently asked in all waves. After careful inspection of the questions in each wave we 
concentrate on those that are relevant for our purposes and are identical or closely 
comparable between the waves (see table A1 in appendix A for a list of these questions). 
The KldB 88 distinguishes among 354 possible occupations. A large share of these 
occupations is very small and not observable in all waves. In particular when estimating 
changes over time the results for such small occupations will be very noisy. Therefore, for all 
estimations that require estimation of changes over time we exclude occupations with fewer 
than 5 observations per wave. Furthermore, we exclude the following categories: assistants 
with no further specifications, religious helpers, government officials, members of 
parliament, soldiers, police, fire-fighters, non-agricultural family assistants, trainees and 
interns. Because the second database we use (IABS) is not collected for civil servants, we 
also exclude this information from the QCS-based analyses.  
Table 1: QCS Observations per wave 
Wave  Including occupations with 
less than 5 employees 
Excluding occupations with 
less than 5 employees 
1979  326  265 
1985-1986  309  265 
1991-1992  310  249 
1998-1999  298  236 
2005-2006  289  222 
Number of observations before merging of the data with the IABS 
 
3.2. Measurement of task codification 
Three measures are of central interest in this paper: explicitness, repetitiveness, and 
creativity of work tasks. Two questions in the Qualification and Career Survey that, we 
believe properly capture the degree of manual task codification appear in all five waves in a 
consistent manner. The first question reads: In your day-to-day work, how often does it 
happen that your work process is predefined in every detail? This is our indicator of explicit 
tasks. The second question reads: In your day-to-day work, how often does it happen that 
one and the same work process repeats in every detail? This is our indicator of repetitive 
tasks. The question that indicates creative tasks reads: At your day-to-day work, how often 
does it happen that you improve a process, or try out something new? The answer to these 
questions is given on a Likert scale: practically always, often, from time to time, seldom, 
practically never, except for the 2005/2006 survey, where the option “practically always” is 
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absent. Codifiable tasks are often repetitive, but the repetitiveness does not necessarily 
coincide with the explicitness of a task. We therefore rather rely on task explicitness as our 
indicator of task codifiability. Before averaging the variables at the level of occupations we 
recode them into binary variables with 0 being “never”, “seldom” or “from time to time” and 
1 being “often or always”. This simplifies the interpretation of the results, because at the 
level of occupations we now talk about the likelihood that a task is present at the job, 
whereas the original coding reflects a combination of this likelihood with the intensity of the 
task. 
Table 2 presents the tasks which significantly correlate either with task explicitness or with 
task repetitiveness in the 1979 survey wave because this way has the most comprehensive 
description of tasks. As evident in Table 2, at the occupational level, the explicit tasks 
correlate most strongly with working under output and time norm, but also fairly highly with 
work processes in textile production. Weaker positive correlations are those with work in 
construction, product packaging, metal production, installation activities, use of basic 
mathematics, and measuring of physical characteristics. Given the high correlations with 
time and output norms, we believe that task explicitness captures particularly well the types 
of tasks that were subject to method and time studies. Occupations that report a high 
instance of explicit tasks tend to report significantly fewer interactive tasks such coordinate, 
organize, educate, teach, negotiate, consult; but also fewer cognitively demanding tasks 
such as process improvement, writing reports, and expert mathematics. Therefore, our 
measures of task codification mainly capture the explicit manual aspects of work. Table 3 
furthermore lists the 20 occupations with the highest and the lowest incidence of explicit 
tasks. The most routinized occupations are employed in the production of rubber, ceramics, 
textile, glass, and metal. The least routinized occupations are law-related ones, science and 
engineering occupations, but also some low-skilled ones such as textile cleaners, 
winegrowers, land workers, and guest attendants. 
Furthermore, Table A2 in the appendix A gives the correlations between creative tasks and 
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Table 2: Correlations between task codification measures and other tasks 
Task  Explicit tasks 
Repetitive 
tasks 
Work under output norm  0.744  0.583 
Work under time norm  0.671  0.383 
Stitch, sew, quilt   0.361  0.129 
Surface construction, building   0.240  0.086 
Spin, wave, knit   0.214  0.168 
Underground construction  0.211  0.105 
Melt, cast, mould   0.182  0.137 
Installation    0.142  -0.047 
Dealing with material surface  0.126  0.056 
Measure length, height, temperature   0.120  -0.031 
Installation of cables  0.111  -0.042 
Production of chemicals, vulcanization  0.098  0.082 
Basic mathematics  0.097  0.185 
Shape, form  0.080  0.026 
Restore  0.076  0.002 
 
Writing letters, reports   -0.518  -0.447 
Advanced mathematics  -0.508  -0.525 
Process improvement, trying out something new  -0.496  -0.489 
Coordinate, organize, delegate  -0.422  -0.420 
Negotiate, lobby   -0.420  -0.357 
Filling out forms, data registry   -0.404  -0.290 
Negotiate with customers, consult customers   -0.403  -0.262 
Procure, purchase commodities   -0.362  -0.193 
Educate, teach  -0.350  -0.354 
Exchange and reclamation of goods  -0.346  -0.156 
Bookkeeping  -0.341  -0.223 
Inventory of goods  -0.334  -0.126 
Issuing of receipts, invoices  -0.324  -0.144 
Goods advertisement, decoration  -0.318  -0.116 
Customer search  -0.316  -0.283 
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Rubber makers, processors  1 
Spoolers, twisters, rope-makers  0.951 
Stoneware, earthenware makers  0.927 
Spinners, fibre preparers  0.907 
Other assemblers  0.876 
Flat glass makers  0.866 
Insulators, proofers  0.844 
Land improvement, hydraulic engineering workers  0.831 
Tracklayers  0.825 
Sewers  0.811 
Semi-finished product fettlers and other mould casting occupations  0.808 
Aircraft mechanics  0.803 
Metal grinders  0.802 
Wire moulders, processors  0.778 
Laundry cutters, sewers  0.775 
Metal workers  0.770 
Iron, metal producers, melters  0.765 
Weavers  0.761 
Borers  0.761 
Pipe, tubing fitters  0.759 
  
  Restaurant, inn, bar keepers, hotel proprietors, catering trade dealers  0.149 
Legal representatives and advisors  0.149 
Management consultants, organizers  0.147 
Florists  0.143 
Engravers, chasers  0.138 
Photographers  0.132 
Publicity occupations  0.130 
Land workers  0.125 
Guest attendants  0.110 
Opticians  0.102 
Non-medical practitioners  0.101 
Home wardens, social work teachers  0.096 
Druggists/chemists (pharmacy)  0.095 
Other manufacturing engineers  0.090 
Scientists in humanities  0.086 
Winegrowers  0.086 
Textile cleaners, dyers and dry cleaners  0.077 
Scientists in natural sciences  0.057 
Judicial administrators  0.051 
Lawyers  0.039 
265 occupations, 1979 wave, QCS 
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3.3. Measurement of automation 
Each wave of the Qualification and Career Survey, except for the latest one (2005/2006)
5 
asks respondents to list the work devices they use at their main jobs. From the list of devices 
we select those that indicate use of code-based technologies: computers, computerized 
numerical control (CNC), and half-automated devices. The computer question reads: Which 
work device do you mainly work with: computer, terminal, monitor? The CNC question reads: 
Which work device do you mainly work with: NC, CNC, industrial robot? The half-automated 
device question reads: Which work device do you mainly work with: automated die cutter, 
lathe, loom, dishwasher, grinding machine? We further use the variables that reflect the use 
of: simple manual device, manually-operated device, and electric manual device. The 
definitions of these variables vary somewhat over the years. We refer the reader to Table A1 
in Appendix A for a complete list of definitions and the coding of these variables in the four 
waves. 
3.4. IAB Employment Samples 
The IAB Employment Samples (IABS) is a 2% random sample of the German population 
subject to social security, and is available for the period 1975-2004. For a detailed discussion 
of these data, we refer the reader to Drews (2008).  
IABS stems from administrative data of the German Social Security and contains individuals’ 
complete work histories over a period of up to 30 years. It includes information on 
occupational, industrial, and regional attachment, daily earnings, several demographic 
characteristics, unemployment incidence and duration, and job changes. The data does not 
contain information on employees who are not subject to social security such as civil 
servants and the self-employed. For all other employees, it is the largest and probably the 
most reliable source of employment information in Germany. Furthermore, the social 
security wage data is the most accurate information about the German wages because non-
reporting or false-reporting is punishable by law. However, wages are right-censored and 
this affects yearly between 9% and 16% of all observations, depending on the year. The IABS 
and the QCS are matched at the occupational level and are used for the analysis in section 6. 
Although the Qualification and Career Survey contains more detailed occupational 
categories, this matching forces us to use the occupational classification used in the IABS, 
which lies between the 2- and the 3-digit level. The matching results in 120 occupational 
categories. 
In the larger sample of all individuals, out of 307,000, about 168,000 changed their 
occupation at least once in the observed period, and 107,000 experienced unemployment. 
Please see appendix A for descriptive statistics. The IABS data is ideally constructed for 
survival or duration analysis that we will make use of in section 5. This is because it records 
individual exits to unemployment or occupational change instantaneously on the day when 
                                                           
5 This one only asks about the use of personal computers. 
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they occur. It also records the duration of employment and unemployment in days. Each 
year between 2,900 and 6,700 new workers to whom we can assign an occupation and for 
whom we can build employment history enter the labour market and form labour cohorts. 
We restrict our analyses to male employees in West Germany for the period 1976-2004 in all 
non-public sectors. We avoid working with female workers, because their employment 
histories are more difficult to reconstruct due to maternity leaves. We restrict the sample to 
West Germany, because for the Eastern Germany we only have information since 1992. 
Furthermore, we drop all individuals that entered the sample in 1975 to avoid problems with 
left-censored work histories, because this would prohibit the construction of reliable 
experience measures. Finally, we exclude marginally employed employees (less than part-
time employed) because such information is only available starting in 1999. 
4. Descriptive analysis 
4.1. Job creation and destruction in Germany (1979-2006) 
We first describe the occupational restructuring that took place in the three decades that we 
observe. This analysis informs us about the character of the new and the old jobs, which is 
crucial for understanding the occupational switching of workers from routinized jobs 
The total employment of West Germany in 2004 was about 5.6% higher than in 1979. Hence, 
the German economy created more jobs than it destroyed
6. In fact, for the period 1979-2006 
the job destruction is 82.3% of the total job creation. Moreover, throughout the observed 
period, the largest number of jobs was created in the education-related, managing, and 
health-related occupations. Education jobs created 21.4% of all new jobs, health created an 
additional 12.4%, and management jobs an additional 13.1%. Furthermore, the demand for 
IT specialists alone created 10.4% of all new jobs, and the demand for engineers and 
engineering technicians created 6.1%. Unlike in other developed countries such as the U.S., 
the job creation in low-skilled service occupations (waiting staff, janitors, cleaners, servants, 
and hotel staff) was negligible, accounting for only 0.1% of net job creation. Moreover, the 
net job creation in sales jobs is negative (-1.5%). Nevertheless, it is noteworthy that the job 
turnover these two categories is very high (both, the creation and the destruction of jobs is 
high), signalling frequent exit and entry of employees. Furthermore, in particular among the 
health occupations, low and middle-skilled jobs such as medical receptionists and nurses, 
nursing assistants, and massagers grew substantially.  
                                                           
6 This estimate is based on the IABS data. By construction the IABS allows us to observe the absolute 
growth of jobs subject to social security, because it takes a percentage of the total population. This is 
not the case with the QCS where the size of the sample does not stand in relation to the population 
size and decreases over time. On the other hand, the QCS has far more detailed information on 
occupations. Therefore, we use the information on the overall employment growth from the IABS in 
order to correct for the sample size of the QCS. This correction is also made in the shift-share analysis 
in this same section. 
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The job destruction in the observed period was concentrated in positions for office clerks, 
construction workers, repair and mechanics, and in the textile industry. The decline of office 
clerks and typists alone accounted for 18.0% of all jobs destroyed in the economy in the 
period 1979-2006. Autor, Katz, and Kearney (2006, 2008) describe these jobs as middle-paid 
with high levels of routine cognitive tasks. Next, construction work jobs accounted for an 
additional 8.6% decline. Other jobs that were downsized substantially were those of 
repairers and mechanics (7.8%), textile producers (6.7%), and structure fitters (5.2%). Table 
4 offers a comprehensive overview of the job creation, job destruction and the net job 
creation by occupational groups for the period 1979-2006. 
From this exercise we learn three things. First, the West German economy created 
sufficiently many new jobs for every job that was destroyed, such that, in a theoretical 
labour market without frictions, unemployment could have been wholly avoided. Second, 
most of the new jobs were highly-qualified and therefore highly-paid, with the exception of 
healthcare, where jobs were created at all qualification levels. Third, the task content of the 
new jobs is quite different from the task content of the old ones. The new jobs require skills 
and knowledge such as health and body care, teaching, managing, organizing, and 
















Jena Economic Research Papers 2010 - 05013 
 








Social work and education-related (incl. scientists)  0.00  21.44  21.44 
Entrepreneurs, accountants, consultants  0.00  13.08  13.08 
Health-related occupations  0.24  12.65  12.40 
IT specialists  0.00  10.40  10.40 
Engineers  0.03  6.11  6.08 
Lawyers, journalists, librarians  0.09  3.83  3.75 
Specialists  0.03  3.35  3.33 
Goods examiners, packagers, despatchers  0.00  3.09  3.09 
Technicians  1.24  2.34  1.09 
Artists  0.63  1.70  1.07 
Assemblers  0.05  0.61  0.56 
Security occupations  0.29  0.50  0.22 
Personal and house care (non-med) incl. guest care  3.45  3.54  0.09 
Rubber and glass producers  0.41  0.46  0.05 
Postal workers, radio and telephone operators  1.59  1.61  0.02 
Wood preparation jobs  0.18  0.00  -0.18 
Glass producers  0.48  0.07  -0.41 
Printing occupations  1.01  0.44  -0.57 
Machinists  1.64  0.90  -0.74 
Sellers  5.89  4.42  -1.47 
Technical draughtspersons  1.56  0.00  -1.56 
Mining  1.71  0.09  -1.62 
Metal occupations  2.93  0.45  -2.48 
Food, beverage and tobacco workers  3.08  0.56  -2.52 
Foreman   4.01  0.00  -4.01 
Drivers  5.15  0.49  -4.66 
Agricultural and forestry workers  5.76  0.91  -4.85 
Carpenters, wood and ceramic finishers, wood 
equipment makers  5.50  0.44  -5.05 
Structure fitters  10.24  5.06  -5.19 
Textile occupations  6.79  0.08  -6.72 
Repair and mechanics  8.21  0.45  -7.75 
Construction  8.93  0.33  -8.60 
Office clerks  18.02  0.00  -18.02 
 
4.2. Tasks: Composition and changes 
As a next step we learn whether the economy-level task changes mainly happened through 
skill-upgrading (or downgrading) within occupations, or through growth (or decline) of 
occupations with certain skills. So far we assumed that the latter should be a relevant source 
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of restructuring, although previous studies (Spitz-Oener 2006) find that this is not the case. 
Here we test whether our assumption is justified. 
To disentangle the within and the between-occupational task changes we employ shift-share 
analysis just as in Spitz-Oener (2006). We therefore decompose the aggregate change in task 
level j into a term which reflects the changes between occupations and a term which reflects 
the changes within occupations:        ∑ (     ̅  )   ∑ (       ̅ )     . Here T is the total task 
quantity of type j; E is employment of occupation o; and γ is the task quantity of occupation 
o;     {       },     {                   }, 
    {                                              }. Table 5 presents the shift-share 
analysis results for the period 1979-2006. 
Table 5: Between and within occupational changes in task content 
  
Repetitive tasks 
(annualized % change) 
Explicit tasks  
(annualized % change) 
Creative tasks  
(annualized % change) 
Period  Between  Within  Net  Between  Within  Net  Between  Within  Net 
1979-1986  -0.100  0.140  0.040  -0.161  0.348  0.187  0.139  -0.617  -0.478 
1986-1992  -0.066  0.592  0.527  -0.004  0.768  0.764  0.027  1.437  1.464 
1992-1999  -0.208  -0.218  -0.426  -0.294  -0.350  -0.643  0.157  -0.763  -0.606 
1999-2006  -0.431  1.083  0.652  -0.229  -1.054  -1.283  0.427  0.422  0.850 
1979-2006  -0.058  0.136  0.077  -0.030  -0.049  -0.079  0.057  0.062  0.119 
 
Table 5 shows the changes in the task content of the West-German economy in the period 
1979-2006. The figures in this table by and large confirm the contention that explicit tasks 
have become less prevalent in the German economy and that non-negligible share of the 
changes are due to downsizing of jobs specialized in explicit tasks (38%). Creative tasks, on 
the contrary, became more common over time within the same occupations, and the share 
of occupations that often perform creative tasks increased in the economy. The between 
changes account for 48% of the creative task upgrading, and the within changes account for 
52% of the shift. Interestingly, in the case of repetitive tasks, the between changes are all 
negative, while the within changes are mainly positive. The net changes of these tasks are 
also positive. 
If we compare our analysis with the one of Spitz-Oener (2006) one striking difference is that 
we find large between changes relative to the within changes in all three task measures. 
Spitz-Oener (2006) finds that these are negligible. Our findings are more in line with the 
observed job polarization, which by definition is a between-occupational shift in tasks.
7 
                                                           
7 Perhaps one reason why Spitz-Oener (2006) does not observe significant between occupational 
changes is because she uses an aggregated 2-digit occupational classification instead the available 3-
digit one in the QCS. When occupations are defined more widely one should observe less between 
and more within occupational restructuring. This reasoning does not hold in the data. When using 
the same occupational classification as Spitz-Oener (2006), the between changes relative to the 
within ones are notable: 43% in the case of explicit tasks and 38% in the case of creative tasks. 
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5. The effects of codification on occupational change, unemployment, and wages of 
occupational switchers 
5.1.  Unemployment or occupational change? 
We first investigate whether the workers from routinized occupations mainly became 
unemployed or mainly got absorbed by other occupations. Later in the section we also 
attempt to isolate the effect of task codification on unemployment, and occupational 
change. 
Occupational change and unemployment, in a statistical sense, are competing risks (see e.g. 
Preston 1994, Dolton and van der Klaauw 1999). In our data, one leaves a job either by 
switching to another occupation, or by becoming unemployed. The situation repeats for 
those that re-enter employment and for those that start a job in a new occupation. The data 
is organized around cohorts of workers who entered the labour market in the same year. 
The earliest cohort entered in 1976 and can be followed for up to 29 years. We estimate the 
cumulative incidence function (CI) for occupational change and unemployment, 
differentiated among workers of occupations with different levels of codification. Formally 
the CI is calculated as   ̂ ( )   ∑   ̂(    )
   
  
       , where   ̂(    ) is the estimated probability 
of surviving up to   , but not beyond   , and 
   
  
 is the estimate of the hazard of failure type   
(Marubini and Valsecchi 1995, Coviello and Boggess 2004).
8 More intuitively, the CI is the 
probability that an event of interest takes place before a certain point in time, accounting for 
the possibility that a competing event may prevent the event of interest from occurring.  
The results for different cohorts are very similar. Since the earliest cohort can be followed 
for the longest time period, in Figure 1 we only present the results for this cohort. On the left 
hand side we see the CI of occupational change over a period of up to 29 years (10,577 days) 
of labour market experience, estimated separately for workers belonging to the first, 
second, third, and the fourth quartile of the codified tasks distribution. Workers belonging to 
the first quartile are those that carry out codified tasks relatively seldom, while those in the 
fourth quartile perform codified tasks relatively often. The figure clearly shows that workers 
in routinized occupations have higher risk of occupational change throughout their career. 
The CIs of the workers in different quartiles are statistically different from each other for 
most points of labour market experience. For instance, the probability of changing an 
occupation until the fifth year of labour market experience is 26% for those in the first 
quartile, 31% for those in the second quartile, 38% for those in the third quartile and 51% for 
workers in most routinized occupations. These results support H2, which stated that the 
workers from occupations specialized in codified tasks have higher risk of occupational 
change. 
                                                           
8 Unlike the CI, the commonly used 1-KM is a function of the hazard of one failure type which does 
not depend on the hazard of another failure type (Gooley et al, 1999). This is why the CI is the 
appropriate approximation of the failure probability in presence of competing risks. 
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The expected pattern also arises when looking at the CI of unemployment (right hand side 
graph of Figure 1). The CI of unemployment is higher for workers in more routinized 
occupations. Here the CIs of the workers in the first and the second quartile are not 
significantly different from each other, but are significantly different from the CIs of the 
workers in the higher quartiles. For instance, the probability of becoming unemployed 
before the fifth year of labour market experience is 13% for workers in the first and those in 
the second quartile, 18% in the third, and 21% in the fourth quartile. After about the 15
th 
year of labour market experience, the CIs of all quartiles converge. Therefore, these results 
mainly support H1, where we hypothesize that the workers in occupations with higher levels 
of explicit tasks exhibit higher unemployment hazard. 
 
Figure 1: Cumulative incidence of occupational change and unemployment by explicit task 
intensity 
The most interesting aspect of the above findings is that for the workers in the same 
quartile, the probability of occupational change is always higher than the probability of 
unemployment, meaning that the workers from routinized occupations were mainly 
absorbed by other occupations. This however does not mean that there is a causal 
relationship between the level of codification on the one hand, and the unemployment and 
occupational change on the other. It also does not mean that codification increased the 
hazard of occupational change more than it did the hazard of unemployment. 
We would like to make a more universal statement about the relationship between 
knowledge codification and job security and such statement can only be made if we can 
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come closer to a causal statement, we estimate competing risks regressions (Fine and Gray 
1999)
 9. In the regression approach we can control for possible confounders such as the 
educational level, labour market experience, as well as for the level of creative tasks at the 
job. It can well be that the level of codification is just a proxy for the educational level. 
Codified tasks are probably concentrated among less educated workers. Less skilled workers 
at the same time are more prone to unemployment and occupational change. Therefore, if 
we do not control for the level of education, we may be overstating the effect of task 
codification on occupational change and unemployment. Moreover, there might be 
clustering of tasks by experience groups. More experienced workers may find that their work 
is more explicit because they have very good understanding of the work processes and less 
to learn. At the same time we know that the risk of leaving a job decreases with tenure 
(Jovanovic 1979). Therefore, disregarding tenure may then cause a downward bias in the 
coefficient of explicit tasks. Finally, creative tasks are strongly negatively correlated with 
explicit tasks and both of these are correlated with the occupational security. Therefore, it is 
appropriate to account for creative tasks as covariate as well. 
We estimate separate regressions for the risk of occupational change, and the risk of 
unemployment. These we estimate for 9 different cohorts. The most important results are 
summarized in Figures 2a and 2b. The regression tables on which the figures are based are 
found in Appendix A. 
 
Figure 2a: The effect of task codification on occupational change 
Note: Explicit and creative tasks are the regression coefficients from competing risks regressions 
(Fine and Gray 1999), where occupational change is the main event of interest, and unemployment is 
a competing event. Controls include: 6 educational dummies, age, plant experience. 
 
                                                           
9 The Fine and Gray estimation requires that there is only one failure per person. Therefore, we drop 
the observations after the first failure. While this leads to some loss of information, it is not obvious 
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Figure 2b: The effect of task codification on unemployment 
Note: Explicit and creative tasks are the regression coefficients from competing risks regressions 
(Fine and Gray 1999), where unemployment is the main event of interest, and occupational change is 
the competing event. Controls include: 6 educational dummies, age, plant experience. 
Figure 2a graphs the coefficients of the variables task codification and creative tasks, where 
the event of interest is occupational change. Figure 2b is based on the same regression 
design as Figure 2a, only that the event of interest is the unemployment incidence instead. 
Starting with Figure 2a, the coefficients of explicit tasks are always above the 1, while the 
coefficients of creative tasks are always below the 1. This suggests that the level of explicit 
tasks increases the probability of occupational change, while the level of creative tasks 
reduces this probability. All coefficients of explicit tasks are statistically significant at the 5% 
level or better, except for the cohort that entered the labour market in 1991. On average, 
workers employed in occupations with 10 percentiles higher codification level had 5.6% 
higher hazard of occupational change. There is however an upward trend in these 
coefficients. In the late 1970s and the 1980s this hazard rate was on average 4.5%, while in 
the 1990s it was 6.9%. Also the coefficients of creative tasks are statistically significant at the 
5% level for all cohorts. On average, individuals employed in occupations with 10% higher 
level of creative tasks had 6.9% lower occupational risk hazard. 
The effect of task codification on unemployment (Figure 2b) is positive and statistically 
significant for all, but the 1976 cohort. Interestingly, the hazard rates of those with 10% 
higher level of creative tasks are also all above one. There is an important trend in this 
graph. Until the 1990s, the coefficients of explicit and creative tasks are not distinguishable 
from one another. Afterward, the hazard of unemployment becomes significantly higher for 
those with higher levels of explicit tasks, and the predictive power of creative tasks vanishes. 
For this later period, the hazard of those with 10% higher level of codification is 7.7% higher. 
For the cohorts that started their first jobs in the late 1970s and the 1980s this hazard was 
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To conclude, in general it was more likely that a worker from a routinized occupation will 
switch to another occupation, than become unemployed, meaning that the majority of these 
workers stayed active on the labour market. This pattern however is only partially driven by 
the fact that the job was routinized. According to our findings, the size of the effect of 
routinization on occupational change was comparable to the effect of unemployment in the 
late 1970s and the 1980s, and it was smaller than the effect of unemployment in the 1990s. 
In general, task codification decreased the job security of workers more strongly in the 1990s 
than in the earlier decade. 
We also checked the unemployment duration of different workers. Workers who lost a job in 
a routinized occupation did not experience longer unemployment spells than unemployed 
from other occupations. The average unemployment length for those with above-median 
level of codification is 226 days, or about 7 and a half months. Their median unemployment 
length is 99 days. If anything, these figures are lower than the average and median 
unemployment length of those from occupations with below-median level of codification 
(239 and 107 days). 
5.2.  Occupational change and wage levels 
So far we find that task routinization causes individual-level economic losses through 
increasing unemployment and occupational change. While occupational change is a positive 
step toward labour market adaptation, it is not necessarily costless. Here we investigate 
whether occupational change was costly in terms of forgone earnings and if yes, how costly 
it was? To answer this we need to extract the effect of the codified tasks at the previous job 
on the wage differences between the old and the new job. We expect that the level of 
codification negatively correlates with the wage growth (H3). We test this with the sample of 
occupational switchers. We run OLS, random and fixed effects models where the dependent 
variable is the percent change in real wages between the old and the new job. The 
independent variables of interest are the codification level of the old job and the level of 
creative tasks at the old job. We control for education with 5 educational dummies, keeping 
those without any education as a reference category. We also control for age, general labour 
market experience, regional and year-specific effects.  
The wage change variable can be left-censored (when the new wage is not censored and the 
old one is), right-censored (when the old wage is not censored and the new wage is), or 
both. In the last case we cannot tell anything about the wage change so we do not work with 
these cases (2.3% of the sample). 2.3% of all observations are left-censored, and 2.0% are 
right-censored. Hence, we also employ interval regression. The results of all estimations are 
presented in Table 6. 
The results of the OLS do not differ significantly from the results of the interval regression. 
Neither do the results of the random effects differ from the random effects interval 
regression results. Therefore, we focus on the results presented in the OLS, RE, and FE 
models. The RE and the FE models are based on individuals who switched their occupation 
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more than once. The OLS results suggest that occupational switchers who ranked 10 
percentiles higher on the cumulative distribution of explicit tasks in their old job experienced 
a 2.3% higher wage loss. Occupational switchers who ranked 10 percentiles higher on the 
cumulative distribution of creative tasks experienced about 0.5% real wage growth. The RE 
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Table 6: Job tasks before occupational switch and wage growth 











-33.28***  -23.38***  -23.49*** 
(0.648)  (0.919)  (1.437)  (0.673)  (0.696) 
Creative tasks  4.682***  3.662***  -0.730  4.380***  4.304*** 
(0.646)  (1.057)  (1.511)  (0.672)  (0.650) 
Age  -1.475***  -1.536***  -0.789***  -1.449***  -1.453*** 
(0.0224)  (0.0227)  (0.299)  (0.0234)  (0.0266) 
Experience  -2.149***  -2.253***  -2.033***  -2.080***  -2.085*** 
(0.0332)  (0.0345)  (0.126)  (0.0351)  (0.0429) 
High school  3.694***  8.773***  4.946***  9.700***  9.335***  9.213***  8.961***  9.021*** 
(0.320)  (0.330)  (0.334)  (0.354)  (0.535)  (0.531)  (0.342)  (0.353) 
Abitur without vocational training  0.968  -7.275***  -5.201***  -12.39***  -23.41***  -22.44***  -7.118***  -7.675*** 
(1.028)  (1.029)  (1.824)  (1.723)  (3.746)  (3.616)  (1.081)  (0.839) 
Abitur with vocational training  13.66***  15.21***  13.69***  15.26***  10.33***  9.289***  16.51***  16.40*** 
(0.875)  (0.877)  (1.561)  (1.626)  (2.819)  (2.715)  (0.928)  (0.849) 
College of applied sciences  29.71***  30.57***  30.20***  31.51***  24.85***  22.91***  33.31***  33.39*** 
(1.046)  (1.068)  (1.073)  (1.123)  (1.785)  (1.788)  (1.143)  (0.874) 
University  41.99***  40.89***  42.69***  41.75***  36.34***  34.15***  45.39***  45.42*** 
(0.956)  (0.983)  (1.073)  (1.198)  (2.567)  (2.472)  (1.063)  (0.741) 
Constant  23.15***  91.79***  21.76***  96.15***  -7.863**  63.15***  89.16***  89.42*** 
(2.022)  (2.191)  (2.072)  (2.252)  (3.790)  (11.74)  (2.283)  (2.108) 
Year dummies  yes  yes  yes  yes  yes  yes  yes  yes 
ln(sigma) 
                 
4.581*** 





ln(sigma e)  97.42*** 
(0.109) 
Observations  444,747  444,747  444,747  444,747  444,747  444,747  444,747  444,747 
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R
2 (overall)  0.017  0.047  0.0166  0.0465  0.0061  0.0369       
R
2 (within)        0.0142  0.0288  0.0232  0.0299       
R
2 (between)        0.0275  0.0711  0.0067  0.053       
Wald χ
2                    17356.73  20499.99 
Number of persons        167,547  167,547  167,547  167,547     167,547 
Robust standard errors in parentheses. Significant at ***1%, **5%, *10% level. The variables explicit tasks and creative tasks are the CDF of the original 
variable 
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It can well be that better-ability workers self-select themselves into non-routinized 
occupations in the first place, and that the wage effect is not due to the characteristics of the 
job content, but due to the low ability of the workers. Also, if high-ability workers are 
disproportionately active in creative jobs, the size of the wage effect will be overstated. This 
is why the FE estimates deserve a particular attention. Here we eliminate the possibility that 
our coefficients partially capture an ability effect. The FE estimation shows that only the 
latter concern is justified. After eliminating the time invariant individual-specific effect, the 
effect of explicit tasks increases from 2.3% to 3.3%, and the effect of creative tasks fully 
disappears.  
Hence, the task codification was not only costly in terms of job losses, but also in terms of 
wage losses for those who switched occupations. Those employed in the most codified 
occupations suffered an average wage loss of 33% as a result of the codification when 
switching to other occupations.  
6.  Automation and explicit manual tasks 
Can one claim that the created unemployment and wage losses were individual-level effects 
of technological change? This has become a common claim such that a number of recent 
studies even take task routinization as a measure of technological change (Goos,Manning, 
Salomons 2009), or take for granted that the job polarization can only be explained by the 
technological adoption (Dusmann, Ludsteck, Schönberg 2009). At the same time the studies 
that have directly measured the effect of technological adoption on task substitution suffer 
from important measurement problems. First, as argued earlier in this paper, computer 
technology is measured far too narrowly. Second, both the U.S. and the German data on job 
tasks suffer from lack of comparability over time. In the German data, most of the tasks 
initially chosen by Spitz-Oener (2006) and used in consequent research (Dustmann, Ludsteck, 
Schönberg 2009; Gathmann and Schönberg 2010; Black and Spitz-Oener 2010) incorporate 
these pitfalls. In this section we put the relationship between automation and skill 
obsolescence to the test by using a broader measure of technology and consistent measures 
of tasks over time. For this part of the analysis we limit our analysis to manufacturing for two 
reasons. First, the manual explicit tasks that we can empirically measure are common for the 
manufacturing sectors, and seldom occur in the service sectors. Second, the control 
technologies we investigate are also seldom employed in services. 
6.1.  Adoption of automation 
Among the three groups of code-based technologies that we can follow over time, half-
automated devices retained a stable share. They were employed in about 20% of the 
manufacturing jobs. CNCs were present in only 3.8% of all manufacturing jobs in 1979 and 
expanded to 16.4% by 1999.Computers diffused  fastest of all, from 5.2% in1979 to 44.56% 
in 1999 (Table 7).  
 
Jena Economic Research Papers 2010 - 05024 
 




CNC  Computer 
1979  18.54  3.77  5.17 
1986  17.42  2.73  10.14 
1992  18.4  6.93  15.14 
1999  22.14  16.39  44.56 
Share of employees using automated work 
equipment. Source: Qualification and Career 
Survey. Note: these questions are not asked in 2006 
 
The jobs specialized in codified tasks report more frequent use of half-automated devices 
and CNC, but significantly lower use of computers at the job. Around 6.4% of those who 
occasionally or seldom performed explicit tasks used CNC, while 8% of those who often 
performed explicit tasks used CNC at the job (t=-6.1). Also, while around 16% of those who 
occasionally or seldom carried out explicit tasks were assisted by half-automated device, this 
was the case in 24.2% of those who frequently carried out explicit tasks (t=-20.16).Finally, 
while only 10.6% of the jobs specialized in explicit tasks used computers, this was the case 
with 21.8% of the jobs not specialized in explicit tasks. These results are summarized in Table 
8. 
While some code-based technologies (CNC, half-automated devices) were more 
concentrated in highly-codified jobs, computers were mainly adopted in jobs with lower 
level of codification. Therefore, this simple descriptive exercise already suggests that code-
based technologies may not have a uniform way of interacting with codified tasks.  





Computer  Observations 
Explicit=0   0.0635  0.1574  0.2183  22,586 
   -0.0016  -0.0024  -0.0027 
  Explicit=1   0.0802  0.2418  0.1061  14,057 
   -0.0023  -0.0036  -0.0026 
  t statistic   -6.1012  -20.1576  27.7764 
  Observations: 14,057 employees report frequent use of explicit tasks 
(explicit=1) and 22,586 report occasional or seldom use of explicit 
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6.2.  Automation and the job tasks shifts 
In order to test our hypothesis that the adoption of automation contributed to the decline of 
explicit manual task content, similar to Autor, Levy, and Murnane (2003, p. 1303) we 
estimate the following model: 
(1)                            
where      
   
  
 is the share of employees within an occupation o reporting explicit tasks in 
period t. The matrix A contains variables that indicate the share of employees reporting 
different work devices: simple manual, manually-operated, half-automated, computerized 
numerical control (CNC), and computer.    indicates an occupation-specific effect that is 
constant over time. This effect is eliminated when using the within-transformation of (1).  
Hypotheses H4, H5, and H6 assert that, in the case of explicit tasks we expect a negative 
relationship between the share of employees using code-based technologies, and the share 
of employees performing explicit tasks. We are not aware of a theory that provides 
predictions about the relationship between explicit tasks and other technologies which are 
not code-based. Our null hypothesis is therefore that, there is no such relationship. We 
control for the use of simple manual devices, manually-driven devices, and electric manual 
devices. We estimate the same regression model for explicit, creative and repetitive tasks as 
dependent variables. If our presumptions are correct, code-based technologies should affect 
the explicit tasks more than they would the tasks that are repetitive in nature. They should 
also correlate positively or at least not negatively with the incidence of creative tasks.  
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Table 9. Automation adoption and changes in the task content 
   Model Ia  Model Ib  Model IIa  Model IIb  Model IIIa  Model IIIb 
Dependent variable-->  Explicit tasks  Creative tasks  Repetitive tasks 
Computer  -0.0772**  -0.100***  0.0514  0.0514*  -0.0654*  -0.0649 
   (0.0377)  (0.0380)  (0.0319)  (0.0305)  (0.0374)  (0.0395) 
CNC     0.135**     -0.0596     -0.0409 
      (0.0587)     (0.0482)     (0.0570) 
Half-automatic device     0.106*     0.00227     0.0463 
      (0.0597)     (0.0617)     (0.0575) 
Simple manual device     -0.0007     -0.00753     0.0471 
      (0.0575)     (0.0473)     (0.0521) 
Electrical device     -0.0969*     0.0130     -0.101 
      (0.0578)     (0.0432)     (0.0614) 
Manually operated device     -0.0699     -0.0308     -0.0286 
      (0.0638)     (0.0493)     (0.0612) 
Period dummies  yes  yes  yes  yes  yes  yes 
Constant  0.372***  0.383***  0.225***  0.233***  0.516***  0.516*** 
   (0.00796)  (0.0253)  (0.00703)  (0.0251)  (0.00770)  (0.0257) 
R
2 (within)  0.1289  0.1658  0.1209  0.125  0.0256  0.0404 
R
2 (between)  0.0629  0.1783  0.2476  0.2129  0.1416  0.3062 
R
2 (overall)  0.0935  0.1889  0.1189  0.1162  0.1124  0.247 
Observations  650  650  650  650  650  650 
Occupations  215  215  215  215  215  215 
Results from fixed effects regressions. Standard errors clustered by occupation in parentheses. 
Significant at ***1%, **5%, *10% level. Manufacturing only. 
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The estimation results are presented in Table 9
1. For each type of task we estimate models 
that only include computers, and models that include a whole set of technologies. Models Ia, 
IIa, and IIIa show the relationship between computers and different tasks when all other 
work technologies are ignored. The relationship between explicit tasks and computer use is 
negative and significant at the 5% level, the relationship between repetitive tasks and 
computer use is also negative and significant at the 10% level. The relationship between 
creative tasks and computer use is positive, but not statistically significant. Therefore, the 
relationships between the different tasks and computers are of the expected sign, although 
the magnitudes are economically small. Once we include the other technologies in Model Ib, 
the coefficient of computer use becomes larger, while the standard error remains the same. 
A 1% increase in the computer use corresponds to a 0.1% decrease in the share of explicit 
tasks in an occupation. However, the relation between CNC use and explicit tasks has the 
opposite sign from what we expected: a 1% increase in the CNC adoption corresponds with 
0.1% increase in the share of explicit tasks. Moreover, we find a similar positive relationship 
between the use of half-automated devices and explicit tasks, although this association is 
only weakly significant, and it is economically small as well. In model IIb the dependent 
variable is creative tasks. Here, we find that the inclusion of other technologies decreases 
the noise in the variable for computer use, and its coefficient becomes weakly significant. 
Finally, after including other technologies in model IIIb, we find no statistically significant 
relationships between the adoption of different technologies and the changes in repetitive 
tasks. In fact model IIIb as a whole is only statistically significant at the 10% level.  
The positive signs of CNC and half-automated device indicate code-based technologies differ 
in their relation to explicit tasks changes. While computers modestly substitute for routine 
tasks, other code-based technologies do not. This letter finding is in line with the evidence 
presented by Hunter et al. (2001) for the case of the ATM diffusion. The arrival of this code-
based technology replaced some routine tasks, but the tasks that replaced these were as 
well routine, although not (yet) machine-codified.  
To shed some light on the relevance of the estimated effects, we quantify the contribution 
of the technological diffusion to the decrease in explicit tasks in the German economy, using 
the technological adoption statistics from Table 7. Using the coefficients of model I, the CNC 
adoption seems to have contributed to a 1.7% ((16.39-3.77)*0.135) increase in the incidence 
of explicit tasks in the observed period. Half-automated technologies contributed to an 
increase of 0.38%, ((18.54-22.14)*0.106) and computers to a decrease of 3.9% ((44.56-
5.17)*0.1)). These findings are very much at odds with Spitz-Oener’s (2006) findings that the 
change in routine tasks can be fully explained by the adoption of computers. 
                                                           
1 We also estimated first difference models which one can find in Table A9 in the appendix. The 
within transformation is preferred to the first difference transformation when one has more than 2 
periods of observation because it is more efficient. This is the reason why we prefer the fixed effects 
results to the first difference results. 
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Before we conclude that automation hardly contributed to the decline of explicit work, we 
need to remind the reader of two limitations of the current analysis. First, if technologies do 
not gradually substitute for part of the workers’ jobs, but eliminate the complete job, our 
analysis will understate the effect of technologies on labour because the use of technologies 
is only reported by those who have a job. A way to deal with this shortcoming is to use the 
changes in the employment share of jobs specialized in explicit tasks in a certain industry 
(instead an occupation) as a dependent variable. For such analysis we need stable industrial 
classification over time. This is the case with 3 waves of the QCS for 41 industrial sectors. We 
conducted such analysis, but its results are mixed and frail. Nevertheless, it is clear from it 
that one finds no evidence that the adoption of code-based technologies drastically 
downsized the routinized jobs. Second, our measure of codification mainly captures the 
manual routine and not the cognitive routine tasks. 
We conclude that, an analysis of the relationship between task changes and technological 
adoption comparable to the one of Spitz-Oener (2006) rules out automation as major factor 
of labour changes in production jobs. Further explanation should be sought in international 
outsourcing. Computers are nevertheless probably the best candidate to explain the sharp 
decline of the office clerks’ employment, because the jobs in this category mainly perform 
explicit cognitive tasks, and cannot be outsourced. 
7. Conclusions 
The jobs which constituted the middle class of the 1970s in Germany, similar to other developed 
countries sharply declining in the last few decades. The dominant explanations behind this major 
labour market change have been the spread of the computers at the workplace (Autor, Levy, and 
Murnane 2003), and international outsourcing (Leamer and Storper 2001, Blinder 2009, Grossman 
and Rossi-Hansberg 2008). Both, the theory of technological change and the theory of outsourcing 
explain that a crucial aspect of jobs that defines their proneness toward automation and outsourcing 
is the level to which they can be codified. 
This article investigates two essential aspects of the recent decline of the middle-paid jobs in 
Western Germany between 1975 and 2004. We first study to what extent the level of codification at 
the job contributed to the occupational change and unemployment dynamics. For the manufacturing 
sectors, we then measure the impact of a number of work-place technologies on the changes in the 
task content of jobs. 
We evidence a number of novel findings. In general, workers in more codified occupations were 
much more likely to change an occupation or become unemployed than workers in less codified 
ones. The effects of task codification on the hazards of occupational change and unemployment are 
positive and economically large. Although most of the workers from codified occupations managed 
to stay on the labour market by switching to other occupations, this switching came at the cost of 
wage losses which were proportional to the level of codification at the past job. Moreover, at least 
for production jobs, we do not find support for the hypothesis that the main driver of these dynamics 
was the adoption of code-based technologies. While computers modestly substitute for codified 
tasks, other code-based technologies even positively correlate with their changes. These results are 
Jena Economic Research Papers 2010 - 05029 
 
at odds with the previous findings about the impact of computers on codified tasks in Germany 
(Spitz-Oener 2006). 
The major contributions of this article are twofold. First, to the best of our knowledge this is the first 
article that evidences the dynamics of unemployment and occupational change of the workers who 
were initially employed in codified occupations. We also make the first attempt to estimate the wage 
losses caused by job codification for those that changed occupations. Second, this is one of the few 
studies that explicitly accounts for the fact that computers are only one work technology in the 
family of code-based technologies that interact with labour at the workplace. We show that the 
unlike computers, other code-based technologies do not substitute for explicit tasks. 
Our findings raise a number of questions that should be addressed in future research. It is neither 
obvious, nor it is sufficiently proven that through embodying codified knowledge code-based 
technologies undermine the security of jobs with high level of codified tasks. Technologies interact 
with labour in more complex ways than usually claimed and this technological heterogeneity 
deserves further research attention. While technologies that are already on the market should 
further be investigated, particularly relevant are the advances in artificial intelligence that can be 
applied to tasks in the service sectors. Moreover, the large occupational restructuring that we 
observe in our study also calls for better understanding of human capital and in particular the level to 
which it can be transferred from one occupation to another and the costs related to learning new 
occupations. The findings of such undertaking should be used for designing effective re-qualification 
policies. 
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Appendix A 
Table A1: Definition of variables, QCS  
   1979  1985/1986  1991/1992  1998/1999  2005/2006 
Creative tasks  At your day-to-day work, how often does it happen that you improve a process, try out something new? 
Coding  Scale 1 to 5  Scale 1 to 4 
Original variable  v262  v64  v187  v268  F411_05 
Task explicitness  In your day-to-day work, how often does it happen that your work process is predefined in every detail? 
Coding  Scale 1 to 5  Scale 1 to 4 
Original variable  v276  v61  v184  v265  F411_02 
Task repetitiveness  In your day-to-day work, how often does it happen that one and the same work process occurs repeatedly in every detail? 
Coding  Scale 1 to 5  Scale 1 to 4 
Original variable  v277  v62  v185  v266  F411_03 
Educate, teach 
Task present at your job 
lately: nurture, lecture, 
educate, teach/ 
occupational, educational, 
personal, and spiritual 
counseling 
Task that is part of your job: nurture, teaching, 
educating, counseling 
How often does the 
following task occur at 
your job: educate, 
teach, 
lecture? 
How often does the 
following task occur at 
your job: educate, teach, 
lecture, nurture? 
Coding  1=present; 0=not present 








Original variable  v206  v29  v60  v189  F312 
Math, specific 
knowledge (not only 
basic) 
Do you need special 
knowledge (more than just 
basic calculus) at your 
professional activity? 
NA 
Do you need special knowledge in: arithmetic, 
mathematics, statistics 




Coding  1=present; 0=not present  NA  1=present; 0=not present 
1=no knowledge; 2=basic 
knowledge; 3=specialist 
knowledge 
Original variable  v309-v314  NA  v77  v213  F403_08 
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Table A1, continued 
Practice of law 
Task present at your job 
lately: practice, interpret 
laws, regulations 
Task that is part of your job: practice, interpret laws, 
regulations/notarize documents 
Do you need special 
knowledge in: labor law, 
collective bargaining 
law, other law 
Do you need specialized 




0=not present; 1=present; 
2=predominant task 
1=present; 0=not present 
1=no knowledge; 2=basic 
knowledge; 3=specialist 
knowledge 
Original variable  v202  v28  v59  v223/v224  F403_04 
Organize, plan, 
coordinate, manage 




decide working hours, 
manage 
Task that is part of your 
job: delegate, coordinate, 
organize, lead, manage, 
controlling 
Task that is part of your 
job: decide coordinate, 
organize, delegate 




How often does the 
following task occur at 
your job: organize, plan 




0=not present; 1=present; 
2=predominant task 
1=present; 0=not present 
3=often; 2=sometimes; 
1=never 
Original variable  v214  v33  v64  v225  F310 
Research, develop, 
analyse information 
Task present at your job 
lately: research, analyze, 
investigate 
Task that is part of your 
job: analyze, research, 
test, evidence, measure 
Task that is part of your 
job: analyze, research, 
test, evidence, measure, 
plan 
How often does the 
following task occur at 
your job: develop, 
research? 
How often does the 
following task occur at your 
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Table A1, continued 
Taking care of 
people 
Task present at your job lately: 
take care of, nurse, attend on 
patients 
Task that is part of your 
job: nurse/attend on, 
medical/cosmetic care 
Task that is part of 
your job: nurse, attend 
on, medical /cosmetic 
care, hairdressing 
How often does the following 
task occur at your job: attend 
on, serve, take care of people? 
How often does the 
following task occur 
at your job: nurse, 
take care of, cure? 










Original variable  v207  v30  v61  v201  F316 
Simple manual 
device 
Which work device do you 
mainly work with: simple 
manual tool (hammer, rasp, 
spade, brush, handpump…) 
If you work with tools and machines in 
production and repair, which ones do you work 
with: simple manual tool (hammer, rasp, spade, 
brush, handpump…) 
Indicate the tools and devices 
which you often use at your 
main job: simple manual tool 
(hammer, rasp, spade, brush, 
handpump) 
NA 
Coding  1=present; 0=not present  NA 
Original variable  v100  v78  v130  v31  NA 
Electric manual 
device 
Which work device do you 
mainly work with: electrical 
device: manual drill, milking 
machine, drier, kitchen 
appliances 
If you work with tools and machines in 
production and repair, which ones do you work 
with: electrical device (manual drill, milking 
machine, drier, kitchen appliances) 
Indicate the tools and 
devices which you often use at 
your main job: electrical 
device (manual drill, manual 
saw, mixer, drier) 
NA 
Coding  1=present; 0=not present  NA 
Original variable  v104  v83  v135  v33  NA 
Manually-driven 
device 
Which work device do you 
mainly work with: hand-
operated machine (lathe, 
sewing machine, roentgen, 
milling machine) 
If you work with tools and machines in 
production and repair, which ones do you work 
with: hand-operated machines (lathe, sewing 
machine, roentgen, milling machine) 
Indicate the tools and devices 
which you often use at your 
main job: hand-operated 
machines (lathe, milling 
machine, sewing machine) 
NA 
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Coding  1=present; 0=not present  NA 
Original variable  v105  v84  v136  v39  NA 
Table A1, continued 
CNC 
Which work device do you 
mainly work with: code-
based machine, automat 
If you work with tools and machines in production and 
repair, which ones do you work with: NC/CNC, Industrial 
robot 
Indicate the tools and 
devices which you often 
use at your main job: 
NC/CNC, Industrial robot 
NA 
Coding  1=present; 0=not present  NA 
Original variable  v109  v87  v139  v41  NA 
Half-automated 
device 
Which work device do you 
mainly work with: half-
automated machine 
(automated die cutter, lathe, 
loom, dishwasher, grinding 
machine) 
If you work with tools and 
machines in production 
and repair, which ones do 
you work with: automated 
die cutter, lathe, loom, 
dishwasher, grinding 
machine 
If you work with tools and 
machines in production 
and repair, which ones do 
you work with: automated 
die cutter, lathe, loom, 
dishwasher, grinding 
machine, printing machine 
Indicate the tools and 
devices which you often 
use at your main job: 
hand-operated automated 
machines (die cutter, lathe, 
loom, dishwasher) 
NA 
Coding  1=present; 0=not present  NA 
Original variable  v106  v85  v137  v40  NA 
Computer 
Which work device do you 
mainly work with: computer, 
terminal, monitor 
If you work with tools and machines in production and 
repair, which ones do you work with: computer, terminal, 
monitor 
Do you work often with 
computers? 
How often does the 
following task 
occur at your job: 
working with 
computers? 




Original variable  v110  v88  v140  v53  NA 
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Research, evaluate, investigate  0.569 
Advanced mathematics  0.556 
Medical, biological analysis  0.459 
Coordinate, organize, plan  0.448 
Project planning  0.416 
Chemical, physical analysis  0.411 
Construct, design, draft  0.382 
Drawing charts, graphs, posters  0.382 
Text and data correction   0.364 
Nurture, teach, educate   0.354 
Negotiate, represent  0.321 
Creating and evaluating charts  0.283 
Programming  0.276 
Publish, work as a journalist   0.268 
Evaluating computer programme outcomes  0.250 
    
Repetitive tasks  -0.475 
Explicit tasks  -0.454 
Inventory keeping  -0.335 
Basic mathematics  -0.305 
Transporting, despatching  -0.263 
Work under time norm  -0.230 
Packing, shipping preparation  -0.187 
Underground construction  -0.168 
Stitch, sew, quilt   -0.157 
Goods' storage  -0.128 
Surface construction, building   -0.119 
Cleaning, washing, desinfecting  -0.109 
Sorting, labeling  -0.103 
Restore  -0.077 
Melt, cast, mould   -0.073 
The variables are defined as: share of workers in an 
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Non-medical practitioners  1 
Scientists  0.894 
Physicists, physics engineers, mathematicians  0.863 
Mining, metallurgy, foundry technicians  0.670 
Electrical engineers  0.664 
Dentists  0.659 
Remaining manufacturing technicians  0.657 
Chemists, chemical engineers  0.656 
Humanities specialists  0.636 
Mechanical, motor engineers  0.635 
Academic teachers  0.622 
Chemical laboratory assistants  0.606 
Visual, commercial artists  0.602 
Mining, metallurgy, foundry engineers  0.602 
Interior, exhibition designers, window dressers  0.587 
Post masters; stoneware, earthenware makers; 
laundry cutters, sewers; land improvement, hydraulic 
engineering workers; metal polishers; semi-finished 
product fettlers and other mould casting occupations; 
paper, cellulose makers; tobacco goods makers; 
precision fitters; transportation equipment drivers; 
footwear makers; stokers; stone crushers; 
construction machine attendants; flour, food 
processors; borers; factory guards, detectives; cash 
collectors, cashiers, ticket sellers, inspectors; paper 
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Table A4a: Explicit tasks and occupational change (corresponding to Figure 2a)  
Cohort  1976  1979  1982  1985  1988  1991  1994  1997  2000 
Dependent variable  Occupational change 
Explicit tasks 
1.025***  1.048***  1.039**  1.053***  1.062***  1.021  1.049***  1.066***  1.141*** 
(0.00877)  (0.0128)  (0.0158)  (0.0141)  (0.0169)  (0.0143)  (0.0179)  (0.0170)  (0.0256) 
Creative tasks 
0.946***  0.920***  0.915***  0.927***  0.931***  0.924***  0.949***  0.925***  0.943*** 
(0.00711)  (0.00990)  (0.0126)  (0.0118)  (0.0127)  (0.0118)  (0.0145)  (0.0130)  (0.0191) 
Age 
0.997  1.003  1.020***  1.004  1.014*  1.015***  1.026***  1.047***  1.045*** 
(0.00392)  (0.00569)  (0.00746)  (0.00741)  (0.00779)  (0.00539)  (0.00806)  (0.00850)  (0.0130) 
Plant experience 
1.039***  1.049***  1.066***  1.074***  1.077***  1.094***  1.188***  1.326***  1.692*** 
(0.00202)  (0.00314)  (0.00534)  (0.00525)  (0.00635)  (0.00662)  (0.0128)  (0.0182)  (0.0602) 
High school 
1.095*  1.325***  1.280***  1.442***  1.503***  1.612***  1.588***  1.446***  1.139 
(0.0516)  (0.0922)  (0.107)  (0.121)  (0.127)  (0.108)  (0.142)  (0.138)  (0.156) 
Abitur without vocational training  
0.705***  0.973  1.189  0.920  0.817  0.591***  0.851  0.915  0.739** 
(0.0905)  (0.135)  (0.173)  (0.136)  (0.118)  (0.0812)  (0.127)  (0.112)  (0.108) 
Abitur with vocational training 
1.203*  1.427***  1.350**  1.561***  1.630***  1.961***  1.472***  1.555***  1.603** 
(0.125)  (0.156)  (0.176)  (0.184)  (0.216)  (0.205)  (0.219)  (0.215)  (0.305) 
College of applied sciences 
1.402***  1.847***  1.716***  2.106***  2.446***  2.335***  2.457***  2.436***  2.060*** 
(0.119)  (0.179)  (0.231)  (0.287)  (0.281)  (0.252)  (0.344)  (0.320)  (0.435) 
University 
1.173**  1.469***  1.355***  1.762***  1.610***  1.629***  1.475***  1.553***  1.452** 
(0.0871)  (0.119)  (0.159)  (0.190)  (0.202)  (0.158)  (0.185)  (0.189)  (0.238) 
Log pseudolikelihood  -33256.15  -16780.43  -9616.27  -12521.14  -12704.51  -17111.21  -8658.28  -8556.35   -4271.9 
Observations  14,650  12,228  10,436  13,529  13,288  14,776  12,318  16,194  14,153 
Competing risks models with occupational change as event of interest and unemployment as a competing event. Robust standard errors in 
parentheses. The year of the cohort indicates the year of the first labout market entry. The task variables are transformed to their cumulative 
distributions, with 0 corresponding to the lowest percentile of the task distribution and 10 to the highest percentile. 
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Table A4b: Explicit tasks and unemployment (corresponding to Figure 2b)  
Cohorts  1976  1979  1982  1985  1988  1992  1995  1997  2000 
Dependent variable  Unemployment 
Explicit tasks  1.016  1.053***  1.066***  1.036**  1.050***  1.091***  1.071***  1.060***  1.089*** 
   (0.0111)  (0.0173)  (0.0198)  (0.0175)  (0.0188)  (0.0182)  (0.0197)  (0.0193)  (0.0301) 
Creative tasks  1.033***  1.051***  1.041**  1.033**  1.032*  1.034**  1.003  1.006  1.032 
   (0.0108)  (0.0156)  (0.0190)  (0.0165)  (0.0171)  (0.0160)  (0.0171)  (0.0168)  (0.0266) 
Age  1.007  1.025***  0.993  1.009  1.015  1.009  1.008  0.973**  1.030* 
   (0.00561)  (0.00799)  (0.00975)  (0.00974)  (0.00936)  (0.00740)  (0.00938)  (0.0112)  (0.0160) 
Plant experience  0.950***  0.931***  0.926***  0.931***  0.945***  0.951***  0.947***  1.028  1.366*** 
   (0.00372)  (0.00675)  (0.00815)  (0.00702)  (0.00794)  (0.00781)  (0.0132)  (0.0213)  (0.0643) 
High school  1.466***  1.742***  2.408***  2.349***  1.928***  1.593***  2.175***  2.269***  2.476*** 
   (0.0939)  (0.153)  (0.272)  (0.235)  (0.208)  (0.131)  (0.225)  (0.262)  (0.349) 
Abitur without vocational training  0.659**  0.582***  0.640*  0.774  0.742  0.505***  0.426***  0.290***  0.151*** 
   (0.130)  (0.121)  (0.148)  (0.160)  (0.159)  (0.0857)  (0.0976)  (0.0700)  (0.0556) 
Abitur with vocational training  1.134  1.222  1.405  1.732***  1.062  1.219  1.536**  1.014  1.055 
   (0.196)  (0.211)  (0.303)  (0.284)  (0.198)  (0.192)  (0.290)  (0.225)  (0.327) 
College of applied sciences  0.856  0.646**  1.579**  0.837  0.902  0.697*  0.705  0.402**  0.730 
   (0.129)  (0.124)  (0.364)  (0.197)  (0.191)  (0.152)  (0.214)  (0.149)  (0.296) 
University  0.785**  0.793*  0.982  0.958  0.860  0.798  1.035  0.928  0.560** 
   (0.0936)  (0.107)  (0.167)  (0.146)  (0.131)  (0.111)  (0.180)  (0.160)  (0.163) 
Log pseudolikelihood  -14202.51  -8512.21  -6053.97  -6816.22  -6250.63  -8430.11  -5315.80  -4332.67  -2055.15 
Observations  14,650  12,228  10,436  13,529  13,288  14,776  12,318  16,194  14,153 
Jena Economic Research Papers 2010 - 05041 
 
Table A5: Descriptive statistics for Figures 2a and 2b 
Variable  Mean  Median  Minimum  Maximum  Std. Dev.  Observations 
Explicit tasks  4.258  4.039  0.081  10  2.491  121572 
Creative tasks  5.286  5.287  0.082  10  2.705  121572 
Age  25.258  23.556  18  50.889  5.698  121572 
Plant experience  1.693  0.127  0  16.972  3.337  121572 
The task variables are transformed in their cumulative distributions, with 0 corresponding to the lowest 
percentile of the task distribution and 10 to the highest percentile. The mean, median, minimum, 
maximum, and std. dev. Statistics are the average over the 9 cohorts. The number of observations is the 
total number of observations over all cohorts. 
 
Table A6: Correlations for Figures 2a and 2b 
   (1)  (2)  (3)  (4)  (5)  (6)  (7)  (8)  (9) 
(1) Explicit tasks  1                         
(2) Creative tasks  -0.579  1                      
(3) Age  -0.215  0.199  1                   
(4) Plant experience  0.005  0.014  0.276  1                
(5) High school  0.138  -0.123  0.051  0.210  1             
(6) Abitur without vocational training  -0.102  0.000  -0.009  -0.124  -0.225  1          
(7) Abitur with vocational training  -0.077  0.015  0.089  0.115  -0.145  -0.081  1       
(8) College of applied sciences  -0.113  0.093  0.111  0.091  -0.115  -0.060  -0.038  1    
(9) University  -0.357  0.366  0.401  0.076  -0.234  -0.122  -0.078  -0.061  1 
 
Table A7: Descriptive statistics for the variables in Table 9. 
Variable  Mean  Median  Minimum  Maximum  Std. dev.  Observations 
Explicit tasks  0.413  0.398  0  1  0.213  650 
Repetitive tasks  0.533  0.532  0  1  0.231  650 
Creative tasks  0.229  0.196  0  0.863  0.164  650 
Simple manual device  0.469  0.460  0  1  0.310  650 
Electrical manual device  0.232  0.150  0  1  0.237  650 
Manually operated device  0.213  0.140  0  1  0.217  650 
Half-automatic device  0.221  0.158  0  1  0.212  650 
CNC  0.077  0.015  0  0.765  0.127  650 
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Table A8: Correlations of variables in Table 9 
   (1)  (2)  (3)  (4)  (5)  (6)  (7)  (8)  (9) 
(1) Explicit tasks  1                         
(2) Repetitive tasks  0.748  1                      
(3) Creative tasks  -0.501  -0.569  1                   
(4) Simple manual device  0.191  0.059  -0.130  1                
(5) Electrical manual device  -0.043  -0.176  0.014  0.725  1             
(6) Manually-driven device  0.180  0.103  -0.078  0.387  0.408  1          
(7) Half-automated device  0.392  0.348  -0.174  0.284  0.163  0.359  1       
(8) CNC  0.155  0.057  0.062  0.063  0.042  0.229  0.359  1    
(9) Computer  -0.336  -0.375  0.401  -0.330  -0.173  -0.167  -0.161  0.363  1 
 
Table A9: Automation adoption and changes in the task content: first-differencing estimations  
   Model Ia  Model Ib  Model IIa  Model IIb  Model IIIa  Model IIIb 
Dependent variable-->  Explicit tasks  Creative tasks  Repetitive tasks 
Computer  -0.0428  -0.0709  0.0678**  0.0592*  -0.0998**  -0.112** 
   (0.0466)  (0.0446)  (0.0317)  (0.0323)  (0.0472)  (0.0498) 
CNC     0.148*     -0.0452     -0.00224 
      (0.0788)     (0.0650)     (0.0773) 
Half-automatic device     0.112*     0.0655     0.0586 
      (0.0616)     (0.0603)     (0.0593) 
Simple manual device     -0.0376     0.0120     0.0422 
      (0.0598)     (0.0567)     (0.0506) 
Electrical device     -0.0948     -0.0621     -0.0930 
      (0.0667)     (0.0520)     (0.0718) 
Manually operated device     -0.137**     0.0215     -0.107 
      (0.0660)     (0.0521)     (0.0716) 
Period dummies  yes  yes  yes  yes  yes  yes 
Constant  0.00433**  0.00420**  -0.0073***  -0.0075***  0.00445**  0.00347 
   (0.00199)  (0.00211)  (0.00172)  (0.00181)  (0.00216)  (0.00236) 
R-squared  0.046  0.105  0.167  0.177  0.014  0.040 
Observations  435  435  435  435  435  435 
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Appendix B: The 1979 task distributions along the wage distribution 
This exercise shows the concentration of different job tasks at different deciles of the 1979 
wage distribution. Figure B1a and B1b show that the explicit tasks were disproportionally 
concentrated among the middle-paid workers in West Germany.  
 
 
Figure B1a: Task distributions along the wage distribution (Explicit, care and sales-related tasks) 
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